Objective: Natural language processing (NLP) of symptoms from electronic health records (EHRs) could contribute to the advancement of symptom science. We aim to synthesize the literature on the use of NLP to process or analyze symptom information documented in EHR free-text narratives. Materials and Methods: Our search of 1964 records from PubMed and EMBASE was narrowed to 27 eligible articles. Data related to the purpose, free-text corpus, patients, symptoms, NLP methodology, evaluation metrics, and quality indicators were extracted for each study. Results: Symptom-related information was presented as a primary outcome in 14 studies. EHR narratives represented various inpatient and outpatient clinical specialties, with general, cardiology, and mental health occurring most frequently. Studies encompassed a wide variety of symptoms, including shortness of breath, pain, nausea, dizziness, disturbed sleep, constipation, and depressed mood. NLP approaches included previously developed NLP tools, classification methods, and manually curated rule-based processing. Only one-third (n ¼ 9) of studies reported patient demographic characteristics. Discussion: NLP is used to extract information from EHR free-text narratives written by a variety of healthcare providers on an expansive range of symptoms across diverse clinical specialties. The current focus of this field is on the development of methods to extract symptom information and the use of symptom information for disease classification tasks rather than the examination of symptoms themselves. Conclusion: Future NLP studies should concentrate on the investigation of symptoms and symptom documentation in EHR free-text narratives. Efforts should be undertaken to examine patient characteristics and make symptom-related NLP algorithms or pipelines and vocabularies openly available.
Symptoms are subjective indications of disease and include phenomena such as pain, fatigue, disturbed sleep, depressed mood, anxiety, nausea, dyspnea, and pruritus. Symptoms are challenging to manage and burden both the patient and healthcare system, 13 so much so that the National Institute of Nursing Research named "symptom science" as 1 of its key themes with the objective of "[providing] a better understanding of the symptoms of chronic illness and [improving] quality of life across diverse populations." The complexity and multidimensionality of symptoms pose a challenge for research. The volume of longitudinal symptom data available in free-text clinical narratives offers an unprecedented opportunity to study the biological and behavioral foundations of symptom occurrence as well as symptom documentation practices. Development of more effective symptom assessment and management strategies is essential for improving the health-related quality of life of patients.
To illustrate the importance of extracting symptom information from free-text clinical narratives and highlight the diversity of symptom descriptions, Forbush et al 14 manually reviewed and annotated 171 mental or social notes (ie, inpatient and outpatient psychiatry, psychology, social work, and case management) and 579 primary or specialty notes (ie, primary care clinic, specialty clinic, physical and occupational therapy, and inpatient) for symptom terms (eg, depressed mood; memory dysfunction) and subjective symptom expressions (eg, "I'm good for nothing anymore"; "Always forgetting where I put things"). They reported a mean average (x ) of 8.74 (range, 0-67) symptom terms per note for the mental or social notes and x ¼6.14 (range, 0-69) for the primary or specialty notes, and x ¼1.25 (range, 0-16) symptom expressions per note for the mental or social notes and x ¼0.57 (range, 0-35) for the primary or specialty notes. 14 Importantly, they found that if International Classification of Diseases-Ninth Revision-Clinical Modification diagnosis codes were used alone to extract symptom information, only 36% of subjective symptom expressions would be captured.
14 Symptom information has historically been extracted from patient records via manual review by clinical experts. This approach has clear limitations in scalability in addition to being time consuming, labor intensive, and expensive. The increased availability of EHRs for secondary data reuse has created an opportunity for NLP to be used to harness the potential of free-text narratives to study symptoms and symptom documentation. Systematic reviews related to the automated extraction of information from medical text using NLP and related methods have been published. [15] [16] [17] [18] [19] None of these previous reviews focused on symptoms. Due to the (1) prevalence of symptom-related patient and healthcare burden, (2) importance of accurate extraction of symptom information for other applications including disease classification and response to treatment, and (3) potential ability of NLP to facilitate the advancement of symptom science, we sought to review the body of literature and report the state of the science on the use of NLP to process or analyze symptom information from EHR free-text narratives.
OBJECTIVE
The purpose of the present study is to systematically review the literature on the use of NLP to process or analyze symptom information from free-text narratives of EHRs. In particular, we aim to describe and assess the following aspects of studies included in the review:
(1) purpose and data source; (2) target clinical population and patient information; (3) symptom extraction and analysis; (4) NLP method, evaluation, and performance; and (5) indicators of quality. We further synthesize and discuss current trends and gaps related to this area and propose recommendations for future studies using NLP to investigate symptoms in the free-text narratives of EHRs.
MATERIALS AND METHODS
Our review procedures were based on the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) recommendations and carried out using Covidence (www.covidence.org), a web-based tool designed to facilitate screening and data extraction related to systematic reviews. The review consisted of 3 stages: (1) article retrieval, (2) study selection, and (3) data extraction and synthesis.
Article retrieval
We searched PubMed and EMBASE on February 5, 2018, to identify all potentially relevant abstracts related to NLP and symptoms. Search terms capturing the concepts of natural language processing and symptoms (Table 1) were derived from the Medical Subject Headings vocabulary (U.S. National Library of Medicine) for the database queries. The use of additional search terms for specific symptoms was guided by inclusion of the symptom in National Institute of Nursing Research common data element measures. Queries were limited to English language, but not by date constraints. Searches returned 811 records from PubMed and 1742 records from EMBASE, of which 589 were duplicates ( Figure 1 ).
Study selection
To be eligible for inclusion in the review, the primary requirement was that the article needed to focus on the description, evaluation, or use of a NLP algorithm or pipeline to process or analyze patient symptom terms. We defined a symptom as a subjective indication of disease. Example symptom terms include anxiety, depressed mood, fatigue, disturbed sleep, impaired cognition, and nausea. Notably, symptoms are distinct from signs (eg, elevated blood pressure, fever, vomiting, rash, cough, hemoptysis, weight loss), which are objective findings that can be directly observed or measured by a healthcare provider. Due to the rigorous focus on symptoms, articles that used NLP to extract more general "problem" terms (which include disorders, procedures, signs, etc.) without specifically naming a symptom(s) were excluded. Review articles as well as articles not published in English or those without full text available were also excluded. While our initial intent was to survey NLP and patient symptoms across all types of free text, a corpus distinction between EHRs and electronic patient authored text (eg, online health communities, Twitter) became apparent during the review process; thus, we pulled articles focused on electronic patient authored text for a separate systematic review. EHRs are the focus of the current review. Two authors (CD, TAK) independently reviewed the title and abstract for each retrieved record. Articles were labeled by potential relevancy as "yes," "no," or "maybe" based on eligibility criteria. Disagreements and articles labeled as "maybe" were discussed to reach a consensus. The same 2 authors (CD, TAK) then independently reviewed the full text of 40 articles identified as potentially relevant during title and abstract screening. Articles were labeled as "include" in or "exclude" from the review. Disagreements were resolved through discussion. Thirteen articles were excluded during the full-text review. Nine of these articles were not symptom focused and 4 did not use NLP or a methodology of interest.
Data extraction and synthesis
Data were manually extracted by 1 of 2 authors (CD, TAK) from the remaining 27 articles included in the systematic review ( Table 2) . A formal quality assessment was not conducted, as relevant reporting standards have not been established for NLP articles. Instead, we developed a data extraction spreadsheet guided by elements reported in previous NLP-focused systematic reviews. 15, 18, 19 We included information related to the study purpose, corpus (eg, data source, number of narratives, time period), patients (eg, target population, number of distinct patients, demographic information), symptoms (eg, symptoms studied), NLP (eg, methodology or tools used, evaluation measures and performance), and study outcomes (eg, reported symptom-related outcomes). To develop a suite of models to identify key symptoms of severe mental illness
Notes from a data repository, routine mental health encounters 36 624 Symptomatology extracted from discharge summaries of 87% of patients with severe mental illness and 60% of patients with nonsevere mental illness; in the severe mental illness cohort, counts of patients exhibiting the various symptoms followed an approximately Poisson distribution and had prevalence ranging from common to very rare Total number of document used unless specified number among training, development, and testing; c A checkmark indicates that the study presented symptom information as a primary outcome.
RESULTS
Twenty-seven articles were included in the review. Years of publication ranged from 1999 to 2017 with more than 90% (n ¼ 25) of articles published in the last 10 years.
Study purpose and data sources
The main objectives of studies included in this review (Table 2) were to capture or detect symptoms (n ¼ 10) 20 Table 3 ).
The number of distinct patients varied greatly, ranging from 22 to more than 50 000. Notably, the number of distinct patients from which clinical free text was obtained was not reported in approximately 25% (n ¼ 7) of studies, 22, 23, 29, 32, 35, 43, 44 and only one-third (n ¼ 9) of studies reported any patient demographic characteristics. 21, 24, 30, [36] [37] [38] [39] 42, 45 In addition, only 1 study featured a pediatric target population. 41 
Symptom extraction and analysis
All studies mentioned at least 1 specific symptom processed or evaluated using NLP in the study methods, results, or discussion sections. In approximately 37% of studies (n ¼ 10), symptoms were referenced in general terms (eg, all signs and symptoms with concept unique identifiers in the Unified Medical Language System) rather than specifically naming symptoms of interest. 22, 23, 29, 31, 34, 40, 41, 43, 44, 46 In these instances, we manually extracted all symptoms mentioned in the methods, results, or discussion sections of the article. The studies encompassed a wide range of emotional state (eg, mood instability, depressed mood, anxiety), circulatory and respiratory (eg, chest pain, shortness of breath), digestive and abdomen (eg, nausea, constipation, abdominal pain), cognition and perception (eg, cognitive impairment, memory dysfunction, paresthesia, blurred vision, tinnitus), pain (eg, pain, ache, discomfort, headache), fatigue and sleep disturbance (eg, fatigue, disturbed sleep, lethargy), nervous and musculoskeletal (eg, weakness, stiffness, myalgia), general (eg, chills), skin and subcutaneous tissue (eg, pruritus), and urinary (eg, dysuria, bladder discomfort) symptoms. Figure 2 displays the symptoms of interest for each study in this review. Symptoms featured in more than 5 studies included shortness of breath, dyspnea, or orthopnea (n ¼ 13) 20, 22, 24, 25, 29, 31, 35, 37, [40] [41] [42] [43] [44] ; pain, ache, or discomfort not specific to the chest or abdomen (n ¼ 11) [21] [22] [23] 26, 30, 31, 34, 35, 40, 41, 44 ; nausea (n ¼ 11) 22 31 International Classification of Diseases-Ninth Revision-Clinical Modification codes (n ¼ 1), 38 "hold out" mentions (n ¼ 1), 23 and with or without a negation algorithm (n ¼ 1). 33 No trends in approach, evaluation, and performance over time were noted.
Indicators of quality across studies Table 5 summarizes and compares indicators of quality across studies by year of publication. Quality indicators include the clarity of the study purpose statement, inclusion of symptoms as a primary outcome, adequacy of the description of the study approach, and presence of information related to the number of documents, number of patients, patient demographics, evaluation metrics, and comparative evaluation. All studies have at least 4 of the 8 quality indicators. Nine studies have at least 7 quality indicators, 20, 27, 30, 31, 34, 38, 39, 41, 42 with 1 study addressing all 8. 30 No trends among indicators of quality were identified over time.
DISCUSSION
In this systematic review on the use of NLP to process or analyze symptom information from free-text narratives of patient EHRs, we reviewed and narrowed over 1900 records to a final set of 27 articles. Overall, we found that previously developed NLP tools, classification methods, and manually created rule-based algorithms have been used to primarily extract information on an extensive range of symptoms from EHR free-text narratives written by a variety of healthcare providers across a number of different clinical specialty settings.
One of the most revealing findings from this systematic review was related to the study objectives; only half of the studies presented symptom information as a primary outcome with approximately 30% of studies focusing on the use of symptoms to identify or classify disease. These results highlight how the state of the science on the study of symptoms from EHR free-text narratives is on the development of methods to extract symptom information and the use of symptom information for disease classification tasks rather than on the investigation of symptoms themselves. Considering the pervasiveness of symptom related patient and healthcare burden, there needs to be more investigations focused on symptoms and symptom documentation as well as symptom management as primary outcomes of interest from the free-text narratives of EHRs in addition to studies on the use of symptom information to characterize disease or predict response to treatment. The study of symptoms and symptom documentation from the free-text narratives of EHRs could be facilitated through adherence to the tenets of open science, which aim to increase overall transparency in research and remove barriers for data and resource sharing. 48 tem, and make expert-developed rule-based NLP algorithms available on platforms such as GitHub to support transparency and replication of study findings and minimize duplicated efforts. Moreover, researchers can advance the symptom content in ontologybased vocabularies such as SNOMED-CT (snomed.org), which was used in multiple studies identified in this systematic review, and contribute to evolving symptom ontologies such as the Open Biological and Biomedical Foundry (obofoundry.org) adopted Symptom Ontology. In addition to symptom-related content, another future direction for NLP of symptom resource development is the normalization of extracted symptom terms to controlled vocabularies. Normalization is important, as many unique symptoms terms (eg, discomfort, hurt, ache, tender) are frequently used to represent a single symptom concept (ie, pain). proportional to the number of unique articles that include a given symptom. Article sector size is proportional to the number of unique symptoms included in a given study. Sample sizes in the legend correspond to the number of unique articles overall and in each clinical category. Shortness of breath includes dyspnea and orthopnea. Pain includes pain, ache, or discomfort not specified as occurring in the chest or abdomen. The figure was generated using R statistical software (R Foundation for Statistical Computing (R version 3.3.1), Vienna, Austria).
47 Table 4 . Evaluation and performance metrics While our finding that almost half of the studies focused on general inpatient or outpatient populations was in line with expectations, we were surprised that only about 11% (n ¼ 3) of studies featured oncology as the clinical specialty of interest. This lack of cancer-or cancer treatment-related symptoms being processed or analyzed using NLP from EHR free-text narratives is in contrast to what one would anticipate based on both the cancer symptom and cancer NLP literature. Providing evidence for the focus on oncology in the field of symptom science, Miaskowski et al 51 reported that approximately 83% of n ¼ 158 articles surveyed for a review of cooccurring symptoms in chronic conditions studied patients with cancer. Moreover, a PubMed search of the MeSH (Medical Subject Headings) terms signs and symptoms and neoplasm returns almost 7000 articles from the past 10 years highlighting the clinical importance and, we would argue, the complexity of symptoms related to detection, diagnosis, treatment, and management of cancer or cancer treatment. Likewise, a recent review by Jiang et al 52 relayed that the major disease concentration area for artificial intelligence (including NLP as well as other computational techniques such as support vector machines and neural networks) in healthcare was cancer followed by neurology and cardiology. A clear opportunity exists to combine these fields and use NLP to study symptoms related to cancer or its treatments in the EHR. Remarkably, <75% of articles reported the distinct number of patients from which clinical free-text was obtained and only 33% of articles reported any patient demographic characteristics. These findings appear to be related to the objective of the study, specifically, whether the purpose of study was to develop an algorithm for symptom identification versus to describe symptom related information for a defined clinical population. For example, the purposes of the articles by Iqbal et al 32 and Matheny et al, 35 which do not report the number of distinct patients or patient demographic information, were to develop rule-based algorithms for the identification of adverse drug events and infectious symptoms, respectively. In contrast, the articles by Patel et al 39 and Vijayakrishnan et al 42 aimed to study the impact of symptoms on clinical outcomes and prevalence of symptoms, respectively, in specific clinical populations; both of these articles report the distinct number of patients and patient demographic information, including, age, gender, and race. The inclusion of information about the patients from whom clinical free-text was obtained is important because symptom experience is known to vary by common sociodemographic factors including age, sex or 25 Pakhomov et al, 2007 38 Dara et al, 2008 22 Gundlapalli et al, 2008 27 Pakhomov et al, 2008 37 Wang et al, 2008 gender, race and ethnicity, and socioeconomic status. 53 It is essential for future NLP studies of symptoms documented in EHRs to analyze and report patient information for generalization of study findings, ascertainment of potential assessment or documentation biases, and development of tailored interventions. While the studies in our review included a wide variety of symptoms, shortness of breath, dyspnea, or orthopnea; pain, ache, or discomfort not specific to the chest or abdomen; nausea; and chest pain, pressure, discomfort, or distress or angina were the most common symptoms mentioned in the methods, results, or discussion sections of included studies. These symptoms are consistent with the 10 leading principal reasons for emergency department visits, which include chest pain and related symptoms; shortness of breath; pain, site not referable to a specific body system; and vomiting (ie, the sign that typically accompanies nausea). 54 However, we would like to point out that many studies investigated symptoms and signs concurrently, either not making the distinction between the 2 concepts or inaccurately classifying signs as symptoms. As mentioned earlier in this review, symptoms are subjective while signs are objective evidence of disease. The imprecision is not unexpected because symptoms (eg, pruritus or itchy skin) and signs (eg, rash) frequently occur simultaneously with signs often being termed "physical" symptoms. But this observation further highlights the focus of using symptom information from EHR free-text narratives to characterize or classify disease rather than study the symptoms themselves. Additionally, by and large, studies used documentation occurrence or frequency of occurrence to investigate symptoms. Though many studies included negation algorithms (eg, no shortness of breath) as part of NLP processing, only 1 study explicitly evaluated symptom severity. 30 Heintzelman et al 30 developed pain severity contextual rules to further categorize mentions of pain as no pain, some pain, controlled pain, and severe pain. Incorporation of accurate extraction of severity as well as other contextual factors such as symptom location or duration into EHR NLP algorithms is of great interest for future work. Finally, we found it challenging to assess the quality of the studies within this systematic review as relevant formal standards have yet to be established for NLP articles. Instead, we focused on indicators of quality of the included articles. A number of the recurrent strengths and weaknesses of articles have already been discussed throughout this section. Additional strengths include the incorporation of concept modifiers into NLP algorithms or pipelines, control for covariates and confounders in analyses, and evaluation of NLP algorithm or pipeline performance. Additional weaknesses include small samples of patients or narratives, no incorporation of temporality, and lack of true comparative evaluation of the NLP algorithm or pipeline used in the study to other methods.
CONCLUSION
In this systematic review, we synthesized data from 27 articles on the use of NLP to process or analyze symptom information from free-text narratives of patient EHRs. In summary, we found that NLP tools, classification methods, and manually curated rule-based processing are being used to extract information from EHR free-text narratives written by a variety of healthcare providers on a wide range of symptoms across diverse clinical specialties. The current focus of this field is on the development of methods to extract symptom information and the use of symptom information for disease classification tasks rather than on the investigation of symptoms themselves. Considering the prevalence of symptom-related patient and healthcare burden, future work should concentrate on the study of specific symptoms and symptom documentation in free-text narratives of patient EHRs in addition to the use of symptoms to accomplish other tasks. The study of symptoms and symptom documentation from EHRs using NLP would greatly benefit from clear statement of the symptoms being evaluated as part of the study, a detailed description of the clinical population from which symptom information was extracted and analyzed, open sharing of user-developed symptom-related NLP algorithms or pipelines and vocabularies, and the establishment of formal reporting standards for investigations using NLP methodologies.
